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Introduction
Even though croplands occupy about 12% of the Earth land surface (1990s estimate from Ramankutty et al., 2002) , they are usually considered not to contribute to the global land carbon sink (see the neutral balance assumption in Smith et al., 2014 , or Gray et al., 2014 . This neutral contribution is justified by a lack of long-term carbon storage in crop biomass and in intensely used agricultural soils (Lal, 2004) , in contrast to forests (Pan et al., 2011) . Crop harvests are rapidly consumed, their residues are incorporated into the cropland soils, and thus, most of their stored carbon is respired back into the atmosphere within a few years. However, seasonally, crop productivity still strongly impacts measured atmospheric CO 2 concentrations.
Croplands have a different seasonal cycle compared to natural vegetation, their seasonal CO 2 uptake being shorter in time and larger in magnitude (Corbin et al., 2010) . It is thus understandable that they strongly impact measured CO 2 concentrations locally (Tolk et al., 2009) . Recently, Gray et al. (2014) and Zeng et al. (2014) have also shown that the footprint of croplands can be found in the 25% increase in the seasonal amplitude of atmospheric CO 2 over remote and naturally vegetated sites. This increase can be explained by the 200% rise in crop productivity since the green revolution (Pingali, 2012) , a trend that is likely to continue as roughly 9 billion people are expected to be fed by agriculture by 2050 (Roberts, 2011) . Given the large impact of cropland CO 2 exchange on atmospheric CO 2 mole fractions on daily to seasonal scales, croplands CO 2 exchange must be properly represented in atmospheric CO 2 models and coupled carbon-climate models. Proper representation of this short-term cropland CO 2 exchange should furthermore help to reduce the uncertainty in inverse model estimates of the total land carbon sink, the most variable and uncertain sink of the global carbon budget (Le Quéré et al., 2015) .
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To model land surface CO 2 exchange, a vast majority of terrestrial biosphere models (TBMs) use the concept of plant functional type (PFT). TBMs with PFTs simplify croplands as unmanaged grassland in a unique PFT or go as far as separating it into two types for C 3 and C 4 photosynthesis (e.g., the ORCHIDEE model in Krinner et al., 2005) . Over croplands, all PFT models neglect the effect of key processes such as crop phenology (the timing of crop maturation), crop management (tillage, irrigation, fertilization, etc.) , or the lateral transport of carbon after the harvest. Efforts to include such crop-specific processes (Lokupitiya et al., 2016; Wu et al., 2016) and crop-specific values for photosynthesis parameters (Kothavala et al., 2005) in TBMs have shown major improvements in the daily to interannual variability of cropland surface carbon and water exchange. When absent from model formulation, data assimilation can alternatively successfully constrain some of those processes (e.g., phenology with remotely sensed vegetation greenness, see Sus et al., 2013) . We argue that the integration of both crop-specific models-which can represent species-dependent crop processes-and of systematic observations performed over croplands could help make efficient simulations of cropland carbon cycling. The effectiveness of such novel model-data integration approaches for modeling cropland CO 2 exchange then needs to be evaluated, for instance, using readily available networks of eddy-covariance data .
In this study, we aim to improve the simulation of the diurnal to seasonal cropland carbon exchange over Europe in a novel way. In contrast to more classical approaches that usually aim at extending TBM formulations (e.g., Lokupitiya et al., 2009 ), our strategy is to use an existing stand-alone crop growth model to simulate cropland CO 2 exchange and to constrain it with observations of grain yield. For this, we use the WOFOST-WLP model (Supit et al., 1994) , which computes the daily water-limited photosynthesis, autotrophic and maintenance respiration fluxes, crop phenology, and crop yield. We assimilate grain yield observations from the Statistical Office of the European Union (EUROSTAT, 2015) to constrain crop productivity and bring it from the modeled water-limited to the actual crop production level. By optimizing crop growth, we hence intend to indirectly represent all nonmodeled growth processes (mostly fertilization, pests, and diseases). We then combine the WOFOST model results with a soil respiration function that depends on temperature to obtain the net surface CO 2 exchange over croplands. We finally evaluate our CO 2 exchange product against independent observations of surface CO 2 fluxes from the FluxNet community (Baldocchi et al., 2001) . To our knowledge, we become the first to use the readily available grain yield stream of data to constrain a model for cropland net CO 2 exchange, useful to the biogeosciences and atmospheric sciences. Our modeling framework makes moreover use of a complete database for European crop calendars, crop species, and a detailed European soil map (Boogaard et al., 2013) . It is operational for the European domain, for the ten most grown crop species, and has a spatial resolution of 25 km.
We use our novel model-data integration framework-which we hereafter refer to as WOFOST-opt-to address three research questions:
1. How well can WOFOST-opt reproduce the cropland photosynthesis and respiration fluxes in Europe, this from the daily to the seasonal scales? 2. To what extent does the integration of yield data constrain the WOFOST-opt net cropland CO 2 exchange (i.e., NEE)? 3. Can our framework capture cropland NEE during agricultural droughts?
With these research questions, we thus address the performance of our framework under normal to water-limiting conditions. We first answer research questions 1 and 2 by comparing our CO 2 exchange product to independent observations from the FluxNet community (Baldocchi et al., 2001) and also to crop simulations by the PFT-based TBM SiBCASA (van der Velde, 2015), at seven cropland sites across Europe located within three contrasting climate zones. Together, this comparison covers 40 site years of observations and model. We then answer our third research question by modeling the total cropland CO 2 exchange during the 2005 drought over the Iberian peninsula, and by analyzing the effect of water stress on the net cropland CO 2 exchange. We finally discuss the capacity of our methodology to produce high-resolution hindcasts of cropland CO 2 exchange, and their utility as boundary conditions in atmospheric models used for European carbon cycle studies.
Model Description

Crop Photosynthesis and Respiration
We use the WOrld FOod STudies water-limited production model (WOFOST-WLP) version 7.1 to represent the crop gross primary production (GPP) and autotrophic respiration (R aut ) during the growing season. WOFOST is an agricultural crop growth model from the Wageningen school of models (Supit et al., 1994; van Ittersum et al., 2003) . Its original purpose is to compute crop yields (i.e., the accumulation of carbon in the grains or tubers of the plant). To do this, WOFOST models the crop CO 2 exchange with the atmosphere on a daily time step. Note that the atmosphere is not coupled to the vegetation but treated here as a boundary condition: six weather variables (the incoming short-wave radiation, minimum and maximum air temperature, atmospheric vapor pressure, precipitation, and wind speed) are provided every day as input to the crop photosynthesis and respiration models (see section 3.1). The model then recreates a diurnal cycle for radiation and temperature only, assuming a Gaussian distribution.
WOFOST calculates the instantaneous gross assimilation rate of a leaf layer (A l (z, t), in kg CO 2 ha −1 leaf h −1 ) using a two big-leaf light-use efficiency approach:
with z the height of the leaf layer, t the time in hours, A sha and A sun , respectively, the instantaneous gross assimilation rates of shaded and sunlit leaves, A m the maximum leaf assimilation rate at light saturation that is dependent on the air temperature and the development stage of the crop, the light-use efficiency in kg CO 2 ha −1 leaf hr −1 /(W m −2 ), PAR a,sha and PAR a,sun the amount of photosynthetically active radiation absorbed by respectively the shaded and the sunlit part of the leaf layer in W m −2 , and f sun the fraction of sunlit leaf area. Within the canopy, A l varies along height due to the extinction of light caused by the leaves self-shading, and along time following the diurnal course of radiation and temperature. We upscale A l to its canopy level (A c , in kg CO 2 ha −1 ground h −1 ) with a Gaussian integration (Scheid, 1968) of A l over three leaf layers (z 0 , z 1 , and z 2 ):
with LAI the leaf area index in ha leaf ha −1 ground . We then compute the daily potential canopy GPP (GPP p , in kg CO 2 ha −1 ground d −1 , also see Figure 1 ) with the same Gaussian integration approach over three points in time selected from noon to sunset (t 0 , t 1 , and t 2 ):
with l day the day length in hours. Note that we adopt hereafter a sign convention where carbon fluxes are seen from the perspective of the atmosphere, hence the added negative sign in equation (3).
We then account for the effect of (a) water stress and (b) all other limitations to growth (e.g., weeds, pests, and diseases) by multiplying GPP p with two empirical factors: (a) a water-stress factor (f stress ) that varies in time following the amount of available soil moisture and (b) a fixed yearly yield gap factor (f gap ) that is based on observations of crop yields and that allows us to regulate the modeled crop production further down to its actual level. We obtain the actual canopy GPP (in g C m −2 d −1 ) with the following expression:
with C e the conversion factor of kg CO 2 ha −1 to g C m −2 , and both f stress and f gap dimensionless and ranging from 0 to 1. We explain the computation of f stress and f gap , respectively, in sections 2.2 and 3.2. When applying equation (4), it is important to realize that the yearly value of f gap scales down crop growth as well as the coupled evapotranspiration, which interacts with the evolution of f stress along the growing season. Flowchart of the modeling framework used in this study. We see that only few crop processes are explicitly represented (i.e., have their own equation) in the WOFOST model. These are the basic crop growth processes (i.e., photosynthesis, respiration, dry matter partitioning, and development) and one crop growth-limiting factor (water stress). The purpose of the added optimization described in section 3.2 is to take into account all other nonrepresented growth-limiting processes (e.g., nutrient stress, pests, diseases, animals, and other disturbances) to downscale GPP according to reported observations of grain yields (see equation (4)). Finally, we see here that we complete the optimized WOFOST model (WOFOST-opt) with a model for heterotrophic respiration in order to obtain the net cropland ecosystem exchange (NEE).
The autotrophic respiration (R aut , in g C m −2 d −1 ) is then computed (see equation (7)) and added to GPP. R aut is composed of two types of respiration. First, maintenance respiration (R maint ) represents the energy cost of maintaining the plant cell structural material. Second, growth respiration (R grow ) is the energy cost to transform any leftover assimilates into structural plant cell material. The following expressions are used to parameterize both processes:
with R m,25 the reference maintenance respiration rate at 25 ∘ C in g C m −2 d −1 , related to the size of plant carbon pools to maintain and their age, Q 10 the relative increase in R maint with each 10 ∘ C increase, T air the daily mean air temperature in ∘ C, and r conv the species-dependent conversion efficiency of carbon into dry matter.
The assimilated matter that has not been respired (−GPP-R aut ) is then allocated to the different plant organs: the leaves, stems, roots, and grains/tubers (see Figure 1 ). The matter that is ultimately stored in the grain pool at crop maturity constitutes the so-called "grain yield" or "yield" (GY, in kg C ha −1 ):
with doe and dom, respectively, the day of emergence and day of maturity, and A g the allocation factor to the grain pool, which itself is a function of the crop developmental stage (DVS(t)). Note that GY is the variable that we compare to observations for the model optimization (see section 3.2).
Finally, note that carbon exchange and storage in the plant organs is computed per m 2 of ground area, which means that WOFOST is not spatially explicit. We use soil, crop, and weather information at a 25 km resolution (see section 3.1) to enable the spatial representation of crop GPP and R aut . Key soil moisture contents are indicated with dashed lines: W wp is the wilting point, W fc the field capacity, W cae the critical point for aeration, and W mos the maximum oxygen stress point. In WOFOST-WLP, crops are categorized in groups from drought sensitive (s = 5) to drought resistant (s = 1). Potatoes, sunflower, peas, and beans are listed in crop group 3, cereals in group 4 or 5, and maize in group 5. Above field capacity, all drought sensitivity groups assume the same water-excess stress response.
Crop Water-Stress Responses
WOFOST-WLP is coupled to a simple soil moisture model to evaluate the effect of water stress on crop growth (see f stress in equation (4)). Two soil layers are defined: (1) the upper "rooted" soil layer and (2) the lower explorable soil layer expanding down to the maximum rooting depth (a soil-and crop-dependent parameter). Note that the depth of the rooted layer (RD, in cm) increases along time as the crop roots accumulate carbon and expand downward. To compute the daily crop water stress, we evaluate the daily water balance of the upper soil layer. The volumetric soil moisture content of that upper layer (W 1 , in cm 3 cm −3 ) is the result of the previous day's content (W 1,i ), and of the modeled daily incoming and outgoing water fluxes (all in cm d −1 ): precipitation (P), evapotranspiration (ET), free drainage (D), and runoff (R):
with Δt the time step of 1 day. We assume in this water flow scheme no irrigation, no capillary rise from the groundwater, and no exchange of water between grid cells (i.e., no routing). For every individual crop growth run, we initialize soil moisture to be at field capacity at sowing date before allowing it to vary in time with the local incoming and outgoing fluxes of water. Every day, the amount of soil moisture W 1 is used to estimate a dimensionless water-stress factor f stress -shown in Figure 2 -that directly downregulates daily GPP and R growth . Under water-limited conditions (i.e., below field capacity), the type of water-stress response function is dependent on the plant species, until we reach the lower threshold of 0.4 for f stress . This lower threshold ensures that we represent the effect of irrigation on crop growth during severe droughts, as we assume here that farmers irrigate to prevent crop failure. We discuss this simple representation of irrigation in the discussion section.
Soil Respiration and Net Ecosystem Exchange
To complete the CO 2 exchange budget at the surface, we use the Lloyd and Taylor (1994) model to compute the instantaneous soil respiration (R s (t), in mg CO 2 m −2 s −1 ), and which represents a sigmoidal increase in soil respiration with soil temperature:
with R 10 the base respiration rate at 10 ∘ C, E a the ecosystem sensitivity coefficient in K, R * the universal gas constant, and T s (t) the instantaneous upper soil layer temperature in K. This Lloyd and Taylor (1994) model reportedly performs better than Q 10 exponential models over wide ranges of temperature. To parameterize the site parameters R 10 and E a and since we do not have values readily available for croplands, we use an R 10 of 0.08 mg CO 2 m −2 s −1 and an E a of 53 kJ kmol −1 , two reasonable values measured at grassland sites in the Netherlands (Jacobs et al., 2007) . Also, since we do not have soil temperature in the reanalysis weather data, we replace T s in equation (10) with the 2 m air temperature (T air ), assuming that the error introduced by the larger diurnal amplitude of T air will average out over 24 h. We hence compute the daily soil respiration (R soil , in g C m −2 d −1 ) by integrating R s over a day and converting it from mg CO 2 to g C with a conversion factor (C f ):
We have evaluated that the larger diurnal amplitude of T air introduces an overestimation of R soil of on average +10% (not shown here).
The total exchange of CO 2 at the surface (or net ecosystem exchange-NEE-in g C m −2 d −1 ) is finally the result of all daily fluxes of photosynthesis and respiration:
10.1002/2017JG003937 with TER the total ecosystem respiration and R het the heterotrophic respiration generated by soil microbial activity. Note that in practice, the R 10 and E a parameters from equation (10) were estimated from nighttime eddy-covariance NEE measurements, when no GPP and no R growth occur (see Jacobs et al., 2007) . As a result, R soil represent not only R het as originally intended but also the whole plant maintenance respiration, both variables dependent on T air . Since we cannot extract R het from the soil respiration model and to avoid double counting R maint , in this study we compute NEE by adding R soil to the GPP and R grow from the WOFOST-WLP model:
Material and Methods
Model Input Data and Spatial Implementation
To model crop growth, we provide three types of input data to the WOFOST-WLP model: crop parameters, soil parameters, and weather data. As mentioned earlier, WOFOST-WLP is not spatially explicit as it represents crop growth per m 2 of ground area. This means that the spatial resolution and domain of the model are set entirely by the input data itself. In our study, we provide the WOFOST-WLP model with spatially varying crop and soil parameters taken from the Crop Growth Monitoring System (CGMS, see Boogaard et al., 2013) . The CGMS database contains crop calendars and variety parameters for the 10 most grown crop species in Europe (wheat, barley, grain and fodder maize, sugar beet, potato, rye, rapeseed, sunflower, and field beans) on a 25 × 25 km grid (see a summary of key crop parameters in Table A1 , in Appendix). These parameters have been established on an ensemble of crop trials conducted in Europe. The CGMS database also contains soil types information on an even finer 1:1 000 000 scale, and thus, several soil types are listed in each 25 × 25 km grid cell. The CGMS database for crop and soil parameters currently covers a large European domain, extended to Russia up to the Ural Mountains, to Anatolia, and to the Maghreb. For this study, we focus on regions for which both CGMS data and EUROSTAT crop yield observations are available (see section 3.2). This covers the 28 European Union (EU) member states, the EU candidate countries (Montenegro, Macedonia, Albania, Serbia, Kosovo, Bosnia-Herzegovina, and Turkey), and the European Free-Trade Association countries (Iceland, Norway, Liechtenstein, and Switzerland). For a few extra countries (Belarus, Ukraine, Russia, Georgia, Armenia, and Azerbaijan), we also provide calculated fluxes where we have CGMS input data but these are not based on optimized yield-gap factors in the absence of reported yields to EUROSTAT. Possibly, other data sources (such as from the United Nations Food and Agricultural Administration, or the Food and Agriculture Organization of the United Nations) can be explored in the future to expand our optimization domain.
In addition to initializing the model with crop and soil parameters from the CGMS database, we provide it with weather driver data. We use the 3-hourly 1 ∘ × 1 ∘ ERA-Interim reanalysis weather data from the European Centre for Medium-Range Weather Forecasts (ECMWF) model (Dee et al., 2011) , which we transfer onto the finer CGMS grid without downscaling. With this combination of data, we assume homogeneity of crop parameters and weather conditions over one 25 × 25 km CGMS grid cell, but heterogeneity of soils below our 25 km resolution, as several soil types are available per grid cell.
Crop Growth Optimization
The WOFOST-WLP model represents the crop potential growth in a given weather and soil environment, and its possible reduction by water stress. The model thus neglects the impact of additional growth-limiting factors such as nutrients, weed, pests, diseases, and other disturbances. To bridge the gap between the modeled and the actual levels of crop production, we integrate grain yield observations to optimize a crop growth scaling factor, the yield gap factor (f gap ). This factor directly multiplies the daily GPP computed by the WOFOST-WLP model (see equation (4)) and thus generates a nonlinear reduction of the final crop standing biomass. Due to the spatial and temporal coverage of the observations we use in our optimization procedure, we compute one optimum f gap per year, crop, and observed region, as described below.
Observations Used for Optimization
In this study, we use the observed yields from the Statistical Office of the European Union (EUROSTAT, 2015) .
The EUROSTAT yields of all major European crop species are reported by the EU member and candidate member states at four administrative regional levels, the so-called NUTS 0 (national) and NUTS 1, 2, and 3 (subnational) levels. Reports of grain yields are only compulsory at the NUTS 0 level. We use the NUTS 2 records in order to obtain a higher spatial resolution on the optimized crop growth where observations are available. Otherwise, in NUTS 2 regions and years where observed records are missing, we use instead the upper NUTS The absolute Y mod − Y obs difference for these 13 runs. We find the optimum run (thick dashed line in Figure 3a ) is the one that reaches the observed yield (red circle) best, resulting in the lowest Y mod − Y obs residual in Figure 3b .
level records (NUTS 1 or if fails, NUTS 0) to estimate the optimum f gap . In the absence of observations, we use either the yield-gap factor from an adjacent year, from a multiyear average, or a standard value of 0.66. The latter represents a typical value found across Europe in our optimizations.
Optimization Procedure
Because the EUROSTAT observations are reported on a larger scale than the model grid scale, the first step of the optimization is to aggregate the gridded yields to the same spatial resolution as the observations. For that, we execute an ensemble of 30 runs per NUTS region with the WOFOST-WLP model, for a given crop and year. This ensemble is created by selecting the top 10 grid cells containing the largest fraction of arable land in a NUTS region, and the top 3 soil types that are most present within these grid cells. The modeled regional yield is then approximated by a weighted average of the 30 yields, using soil type areas as weighing factors:
with Y mod the aggregated modeled yield, i the gril cell number, j the soil type number, GY i,j a single-run grain yield from the 30-run ensemble, and a i,j the soil type area of the same run. The difference between Y mod and the reported regional yield (Y obs ) is then computed to determine the optimum f gap . We iteratively explore 13 values of f gap between 0 and 1, every time dividing its exploration range by two, and retain the optimum as the value that minimizes the absolute Y mod − Y obs difference (see Figure 3 ). Note that the optimum f gap cannot be greater than 1. Our assumption is then that by optimizing crop yield, we bring crop growth and crop CO 2 exchange down to their actual levels over diurnal and seasonal time scales. We repeat that f gap is directly coupled to plant development and evapotranspiration and therefore influences the value of f stress , which makes our method nonlinear especially toward the regimes where water limitations play an important role. We evaluate our framework by comparing the modeled crop CO 2 fluxes against independent observations.
Model Validation 3.3.1. Independent CO 2 Flux Observations
We validate the fluxes of GPP, TER, and NEE generated by the optimized WOFOST-WLP model (hereafter referred to as WOFOST-opt) with independent observations at seven FluxNet sites. These sites are located within three important climate zones of Europe: a Mediterranean (Csa), a temperate (Cfb), and a cold zone (Dfb, see Table 1 ), and they were cultivated with eight different crops (out of the 10 species we simulate over Europe) during various periods between 2000 and 2014 to make a total of 40 site years of validation data. All sites measured NEE on a half-hourly basis using the eddy-covariance technique and following the FluxNet protocol. Measurements of NEE were filtered for low friction velocities using an interannually variable threshold, then gap-filled and partitioned into TER and GPP using the nighttime method of Reichstein et al. (2005) . More information about the crop rotation and management of the different sites can be found in Table B1 . All sites have been fully described in previous publications (see the reference papers cited in Table 1 ).
The SiBCASA Terrestrial Biosphere Model
We use the SiBCASA model (Schaefer et al., 2008; to compare our results to a terrestrial biosphere model. SiBCASA is a typical example of a TBM that uses the concept of plant functional types. It has been widely used in studies of atmospheric CO 2 (Alden et al., 2016; Peters et al., 2010) , CO 2 isotopes (van der Velde et al., 2014), and carbon-climate interactions (Hope & Schaefer, 2015; Richardson et al., 2011; van der Molen et al., 2016) . For our study, we compute fluxes of GPP, TER, and NEE for the seven grid cells where the FluxNet sites are located, using the cropland PFT parameters. We drive SiBCASA with 1 ∘ × 1 ∘ soil moisture and meteorological data from the same ERA-Interim reanalysis as in section 3.1 (Dee et al., 2011) . We start all our runs from steady state, which is obtained with an analytic spin-up of the model (i.e., we iteratively run SiBCASA with the same 10 year meteorological forcing data, until we meet our steady state criteria). We consider that steady state is reached when the yearly average NEE flux equals less than 1% of the yearly average GPP flux, hence generating stable soil carbon pools over time.
Results
Crop Growth Optimization
The optimization of the crop growth scaling factor (f gap ) in WOFOST-opt allows us to reproduce the interannual variability of regionally observed grain yields from EUROSTAT. As an example of a region with a large yield gap, the upper time series in Figure 4a presents the modeled grain yields before and after optimization of f gap for spring barley over the NUTS regions of Castilla y León in Spain. After optimization in Figure 4a , the remaining difference between optimized and observed yields is only about 2% on average over the years 2000-2014. On a few occasions, the optimization corrects year-to-year variations of grain yield (e.g., the yield variation from 2002 to 2003 is changed from decreasing to increasing). The long-term upward trend in the observed grain yields (i.e., the linear yield increase of +11.33 × 10 −4 kg DM m −2 yr −1 from 2000 to 2014) is also captured after the optimization. This trend, referred to as the technology trend by de Wit et al. (2010) , can be explained by the ongoing improvements in farming techniques, grain quality, and industrial crop management. Note that low yields in the time series indicate agricultural drought years in this region of Spain, like for 2005 (confirmed in Spinoni et al., 2015) , and we study this example in more detail in section 4.4.
In addition to year-to-year changes, our optimization captures substantial spatial variability of observed grain yields and yield gap factors. Figure 4b shows the optimum f gap over Europe for winter wheat in 2013, the crop with the best yield data coverage at the NUTS 2 level in EUROSTAT. After optimization, the highest modeled yields and f gap are in Western Europe, and the lowest are in Scandinavia and Southern Europe, which is a typical spatial pattern for wheat and barley (see also Bondeau et al., 2007) . The optimum f gap varies from 0.48 to 1.0 across Europe, which implies that simply using an average value of f gap across the continent would have resulted in significant spatial errors on the optimized yields. With the spatiotemporal variability driven by the EUROSTAT yield records, we expect our WOFOST-opt model to have well-constrained crop carbon accumulation locally, and a more reliable representation of cropland GPP, TER, and NEE over the growing season. To validate this, we analyze next the modeled crop CO 2 fluxes that lead to these optimized grain yields.
Daily CO 2 Exchange
We find that the WOFOST-opt model represents the crop-specific growing season length (a short 2-3 months period) and magnitude of the productivity (from 10 to 30 g C m −2 d −1 ) very well. This is shown in Figures 5a-5f for a subset of the available years and sites from the FluxNet database. Across three very different climate zones of Europe, and for six of the most grown crops in Europe (winter wheat, grain maize, spring barley, potato, sugar beet, and winter rapeseed), we see the correspondence of GPP and TER to daily observations is satisfactory, and also clearly much better than the SiBCASA model estimates at these locations. This improvement is most evident in the phenology as WOFOST-opt matches the local growing season length, except for an overestimation at all potato sites (e.g., 6 weeks in Figure 5a ). WOFOST-opt also captures the strong interspecies differences in terms of maximum GPP much better (e.g., highest is 20-30 g C m −2 d −1 for maize, lowest is 8-10 g C m −2 d −1 for barley). An exception is seen for the Italian site where we find an overestimation of GPP by WOFOST-opt (cf. Figure 5f ), which is further discussed in section 4.4.
The improved phenology and seasonal cycle amplitude of Figure 5 translates into much higher values of the coefficient of determination (R 2 ) of NEE for WOFOST-opt when compared to SiBCASA across all sites of Table 2 , except in the Mediterranean one (i.e., the IT-BCi site). However, these high R 2 scores do not necessarily translate into lower RMSE values (only for 10 out of 17 crop sites), partly because time shifts of the seasonal cycle carry a high penalty in RMSE (e.g., BE-Lon in Figure 5c ). Note that these time shifts occur because we did not use local sowing dates to set up our framework here, and most sites RMSE decrease substantially if we do use them (not shown here). For our Mediterranean site, we obtain a poor R 2 and RMSE mostly because our framework does not take into account local irrigation practices, and our modeled water stress strongly modifies the shape of the seasonal cycle (see Figure 5f ; also, see further analysis in section 4.4). The overall good seasonality and high R 2 values of WOFOST-opt in the cold and temperate climate zones nevertheless demonstrate that our modeling framework can generate good estimates of the daily cropland CO 2 exchange at a large number of sites across Europe. Our novel application of grain yield data thus puts new constraints on the CO 2 exchange of European croplands. To complete and extend our evaluation, we analyze the interannual variability of the cropland CO 2 exchange for a well-watered location in Belgium. Further analysis of the cropland CO 2 exchange during droughts in the Mediterranean region then follows in section 4.4.
Decadal CO 2 Exchange
The WOFOST-opt model optimized with EUROSTAT grain yield data is able to represent the interannual variability of crop CO 2 exchange that is driven by the crop rotation on a field. This is because the crop model accounts for interspecies differences in phenology and photosynthetic rates. Figure 6 compares the WOFOST-opt GPP, TER, and NEE fluxes against 10 years of observations at the BE-Lon FluxNet site in Belgium. . Note that the WOFOST-opt runs are not adapted to fit the local growth conditions as they use CGMS sowing dates and EUROSTAT yields. We present here a subset of all 40 sites and years available (see selection in Table B1 ), covering three major European climate zones: Mediterranean (red dot on the map), temperate (green dots), and cold (blue dot). We specifically represent the improvement made when switching from the nonoptimized to the optimized WOFOST model with the grey areas. Thus, when the computed f gap is equal to 1, there is no such improvement (e.g., Figure 5f ). We also plot the SiBCASA cropland-PFT fluxes for the same site and years. We see the WOFOST model has a much better crop phenology than SiBCASA.
This site conserves a sugar beet/winter wheat/potato/winter wheat crop rotation from 2004 to 2014, with one exception of a grain maize year. Over this decade, we computed an optimum f gap that ranges from 0.69 (in 2014) to 1.0 (in 2006 and 2010), using EUROSTAT crop yields. WOFOST-opt captures the timing of local growing season and the amplitude of the GPP and TER fluxes well every year from crop to crop at site BE-Lon, although differences of up to one third of the observed maximum fluxes can be observed. Note that shifts in the growing season not exceeding 2 weeks for this particular site can occur, the largest shift occurring in early spring 2007. Twice in this decade (in 2009 and 2013), mustard was planted after the harvest of winter wheat, just before the following winter period (see Kutsch et al., 2010) . This is a local feature in the observations that cannot be captured by our crop model, as it only represents the growth of one crop sown on site. Despite this, the overall agreement of the regionally optimized WOFOST-opt is very good at the Belgian site, with a 10 year RMSE of 2.58 g C m −2 d −1 for GPP and 1.21 g C m −2 d −1 for TER, not exceeding 10% of the max-min range of the observed respective variables, and an R 2 of 0.80 and 0.71 for GPP and TER over the decade. This translates into a NEE with a correct interannual pattern (R 2 = 0.67) as can be seen in Figure 6 . Finally, and to place our findings in a broader context, we note that this interannual variability is typically not included at all in the SiBCASA TBM (see Figure 6 ), as it uses the same cropland constants every year. We infer that our WOFOST-opt model is better suited than a TBM like SiBCASA to represent the temporal variations of cropland CO 2 exchange, from the diurnal to the seasonal and decadal scales. While this is true at most locations, we find the performance of WOFOST-opt drops under extreme water stress (e.g. in Italy, see Figure 5f ), which we assess next.
Cropland CO 2 Exchange During Droughts
We show in section 4.2 that our modeling framework is sometimes not able to optimize crop growth during drought stress, like for the Italian site of Figure 5f and Table 2 . Here we further examine the behavior of our framework during a reported drought year (i.e., the severe drought of 2005 that occurred over the Iberian peninsula, see Figure 4a (up to −60% of the 2004 yield, see European Commission, 2005; García-Herrera et al., 2007; and Gouveia et al., 2009) , which occupy together about a third of the total arable land area of the peninsula (EUROSTAT, 2015) . We now model this major agricultural drought event with our WOFOST-opt framework.
For this, we optimize crop growth for the top eight crops of Spain and Portugal and compute area-weighted carbon fluxes for years 2004 and 2005. Over the Peninsula, the average cropland fluxes are thus composed of (1) 48% spring barley, (2) 26% winter wheat, (3) 11% grain maize, (4) 8% winter barley, (5) 3% potato, (6) 3% fodder maize, (7) 2% sugar beet, and (8) less than 1% spring wheat. Figure 7 presents the cropland carbon flux anomalies for 2005 as calculated by our WOFOST-opt framework. We compare our results to those of the cropland PFT of the SiBCASA model, produced with the same meteorological forcing data. 
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The timing of the drought impact on the crop carbon exchange is quite different between the two models, mainly due to their difference in crop phenology. Figure 7 show that the accumulation of carbon flux anomalies (both GPP and NEE) stops around August-September 2005 for WOFOST, toward the end of its growing season (see the GPP flux in the inset of Figure 7a ). SiBCASA on the other hand unrealistically continues its cropland carbon exchange until December, which causes it to detect flux anomalies much later in the year. Overall, both models accumulate a similar total GPP anomaly by the end of the growing season (1.5 kg m −2 in August 2005, see Figure 7b ). Nevertheless, the model differences in phenology imply that this cumulated GPP anomaly represents only 11% of the yearly total GPP for SiBCASA, while it represents 17% of the yearly GPP of WOFOST-opt. Our findings imply that the impacts of the 2005 drought on crop growth was seen as more severe by WOFOST-opt than by SiBCASA, in line with the reported extreme agricultural impacts over the Peninsula (e.g., in Portugal, see Gouveia et al., 2009) . The strength of the drought signal is constrained by the crop yield reduction during the optimization of WOFOST, which is a strong point of our method. The better phenology of the WOFOST model finally ensures that carbon flux anomalies occur during the actual crop growing season (i.e., before the summer in the Iberian peninsula).
The absence of water-stress effects on soil respiration in WOFOST-opt is a current limitation of the model, which causes the TER and NEE drought anomalies to be very different between the two models. Indeed, as we can see in equation (10), heterotrophic respiration is a function of soil temperature only. This causes the TER flux to be generally larger than the one of GPP throughout 2005 in WOFOST-opt, especially in summer when the crop growth has stopped but high temperatures still generate high respiration fluxes. As a result, the NEE flux of WOFOST-opt (see inset of Figure 7b ) is always positive during the 2005 drought. On the other hand, the SiBCASA model expresses heterotrophic respiration as a function of both soil temperature and soil moisture, which causes its TER to be much smaller than in WOFOST-opt in 2005 due to the drought, and which causes its yearly average NEE to be close to zero. The differences in the implementation of TER between the models thus generate very contrasting negative TER anomalies (−1.3 and −0.2 kg m −2 for, respectively, SiBCASA and WOFOST-opt by the end of August), producing the much higher positive NEE anomaly for WOFOST in Figure 7b . This positive anomaly (which means that the peninsula is seen as a net source of CO 2 by the model) is most probably unrealistic as studies have shown the dependence of soil respiration on soil moisture stress, especially in semiarid regions like the Mediterranean (e.g., Carbone et al., 2011; Conant et al., 2004; Moyano et al., 2013) . Our 2005 Iberian drought case thus puts forward the necessity to implement a water-stress limitation on soil respiration. Such implementation is planned in the near future for WOFOST-opt.
Finally, it is important to realize the impact of irrigation in drought events. The 2005 drought in the Iberian peninsula was so severe that the lower threshold of water stress (i.e., f stress = 0.4) set in our model was reached in 21% of the grid cells of the peninsula (mostly in the Spanish region of Extremadura and on the southeast coastline). Without this simple constraint on f stress to represent irrigation, crop failure (i.e., no grain filling) massively occurs with WOFOST-opt in these regions (not shown here). Such cases of crop failure is also what occurred in the Italian site in Figure 5f , even with our simple representation of irrigation. In practice, crop failure renders the optimization of WOFOST impossible, as the absence of a grain pool forces the optimum growth factor to be set to 1 (see optimum f gap for the Italian site in Table B1 ). For the case of the 2005 drought in Spain and Portugal, our simplified implementation of irrigation prevented crop failure (detected as occurrences of a harvest index <5%) in all grid cells that were otherwise affected by it. This particular case of extreme drought thus brings forth the necessity of representing the impacts of irrigation on crop growth, in order to better quantify actual drought carbon exchange anomalies.
Discussion
Performance and Limits of the Framework
While croplands are by definition a homogeneous land surface at the crop field scale, it is not true between the crop field and our subgrid scale (i.e., 25 km scale). To account for the subgrid variability of cultivated crop species, we apply a "mosaic" approach where we compute each crop species over the spatial domain independently from each other. We then compute a cropland area-weighted average of NEE, using cultivation areas from EUROSTAT. This method is better suited to address the impact of sub-grid crop variability on the NEE fluxes than the "dominant-PFT" method (i.e., computing the fluxes from the dominant species only in each grid cell), which is for instance currently used in SiBCASA.
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In our study we do not explicitly model the effects of nitrogen limitation, pests, diseases, or long-term crop breeding improvements on crop growth. These effects are likely responsible for the modeled to observed yield gaps (Y obs − Y mod ). Instead, we account for these effects with the yearly optimization of the yield gap factor, following observations of crop yield. This optimization changes the overall yearly production but does not allow modifications of the seasonal crop growth pattern. We, however, do represent explicitly the effect of water stress on crop growth in the model, with a simple representation of irrigation (by applying a lower limit on the water-stress factor, see Figure 2 ). Our underlying assumption is that the farmers will not let their crops die due to severe water shortages, and it allows us to avoid crop failure during severe droughts (see section 4.4). However, this assumption is clearly imperfect because we do not take into account the actual availability of water, the availability of a physical infrastructure for irrigation in the region, or the economical value of the crop. The way we represent irrigation clearly matters for southern regions like the Mediterranean where irrigation is needed and frequent (Wriedt et al., 2009a) . Possible misrepresentations of the seasonal cycle of NEE could thus partly be avoided by either developing irrigation rules within the model (e.g. trigger irrigation once soil moisture reaches a given threshold, as done by de Noblet-Ducoudré et al., 2004) or by supplying full irrigation information (cf. the high-resolution European irrigation map from Wriedt et al., 2009b) . Moreover, with the current setup of our framework, we do not perform a continuous simulation of soil moisture. Instead, we simply initialize it to be at field capacity every year at sowing date. This "wet soil" assumption is unrealistic for the dry regions of Europe such as the Mediterranean, especially for the case of spring crops that are sown later in the year, as we could be neglecting important soil moisture depletion happening before the start of the growing season. We can solve this issue by using soil moisture data-for instance, the ERA-Interim reanalysis product (Dee et al., 2011) The WOFOST model has been extensively used for research on crop yield and yield gap all over the world, notably in Europe (Bussay et al., 2015; Eitzinger et al., 2013; Foltescu, 2000; Kogan et al., 2013) , Africa (Bregaglio et al., 2014; Kassie et al., 2014; Wolf et al., 2015) , Middle East (Sargordi et al., 2013) , India (Dua et al., 2013) , and China (Wang et al., 2011) . However, to our knowledge we are the first to apply WOFOST to estimate surface carbon exchange fluxes and to verify these against observations of GPP, TER, and NEE. Related to our first research question, we show the WOFOST-opt model to be a good match to the observed GPP, TER, and, NEE at the seven FluxNet sites, which we demonstrate with high R 2 values (see Table 2 , but also Tables C1 and C2 in Appendix). Interestingly, for non-Mediterranean sites we find lower RMSEs are obtained for TER (with an RMSE of 1.8 g C m −2 d −1 over all 40 years of Table B1 , about 8% the observed min-max range for TER) than for GPP and NEE (respectively, 5.0 and 3.9 g C m −2 d −1 , about 16-17% the observed min-max range of both variables) indicating that most of the efforts to further improve NEE should be done on improving GPP at these locations. We verified that lower RMSEs can be obtained for NEE by imposing local sowing dates in the simulations of the FluxNet sites (from 3.9 to 3.2 g C m −2 d −1 , or from 17% to 13% of the observed min-max range of NEE), because these effectively remove the shift in the modeled growing season as seen, for example, in Figure 5 (improvement not shown here). Our findings indicate that our framework represents a good regional estimate of cropland NEE, where water shortages are not too severe (improvements on soil respiration for heavily water-limited locations will follow in the next version of WOFOST-opt). In the end, we conclude the more realistic seasonal and interannual patterns obtained by WOFOST-opt are a clear improvement compared to the classical grassland-PFT approach of TBMs, illustrated by the example of SiBCASA.
Related to our second research question, we show that the additional integration of crop yield data into the model produces large spatial variations in the f gap scaling factor, which effectively increases the spatial variability of the modeled cropland GPP and NEE toward reported levels (see European crop productivity patterns in Bondeau et al., 2007) . At a number of FluxNet sites in Table 2 , we observe an almost systematic improvement of the RMSE and R 2 of NEE when switching from the nonoptimized to the optimized version of the WOFOST model (except for sugar beet). However, the RMSE of WOFOST-opt is not systematically lower than the one of SiBCASA because of two factors: (a) the remaining shift in the growing season between WOFOST-opt and observations and (b) the Western Europe location of the sites, where mostly high yield gap factors occur (they are always greater than 0.7, and often close to 1, see Table 2 ). Larger improvements are to be expected for regions with higher Y obs −Y mod differences, such as in Scandinavia and the Mediterranean basin (see the spatial pattern of f gap in Figure 4b ). While we show it is true for the Finnish site (see Table 2 ), we did not demonstrate this for the Italian site since we did not take into account the irrigation practices that occurred there. As a result we obtained a substantially different seasonal cycle from reality, which was also switched earlier in time due to an earlier modeled sowing date (see Figure 5f ).
Finally, and related to our third research question, we allow for the regional constraint of GPP, TER, and NEE by crop yield observations, which to a certain extent constrains the spatial variability of the carbon fluxes. By extension of Figure 4b , where we present the yield gap factor map for year 2013, we find that the winter wheat growth will be downscaled much more in the south and in Scandinavia, where the lowest grain yields are observed. This downscaling pattern is also the case for other cereal crops: maize and barley (not shown here). This explains part of the overall cropland NEE spatial variations, as most of the summer crop carbon uptake occurs over Western to Central Europe, in the midlatitudes. Moreover, and for water-stressed situations, in section 4.4 we demonstrated our framework can capture the year-to-year regional reduction in NEE caused by an agricultural drought, with some limitations on the realism of its seasonal cycle. However, improvements in the soil moisture initialization and the added representation of irrigation should remedy these limitations in water-stressed areas. Further validation of the drought response of the model could then be done by investigating the FluxNet soil moisture and evapotranspiration observations alongside the NEE measurements, where available.
Potential Applications of WOFOST-opt
Our successful validation of modeled European cropland NEE fluxes therefore opens up new possibilities for the application of WOFOST-opt in the field of carbon cycle studies, crop forecasts, land-atmosphere interactions and coupled carbon-climate experiments. First, in an uncoupled mode, WOFOST-opt can supply satisfactory past, present, and once modified as suggested in section 5.1, satisfactory future NEE boundary fluxes for atmospheric CO 2 studies. For instance, we show WOFOST-opt performs much better than SiBCASA when modeling GPP, TER, and NEE, the latter having no crop rotation and thus little interannual variability. Our model thus offers an excellent alternative for croplands in the CarbonTracker inverse modeling framework of Peters et al. (2010) . The use of the WOFOST-opt model would allow us to integrate an additional stream of data (i.e., crop yields) into the atmospheric CO 2 inversions. As a fixed prior flux, it could allow to reduce the uncertainty on the posterior NEE estimates of other ecosystems, such as forest and grassland. Such analysis of the impact of WOFOST-opt fluxes is scheduled in a follow-up study.
In this study we neglected the impact of the off-site crop consumption (Chen et al., 2015) . The lateral transport of crop harvest redistributes the crop products to where the population is most dense for human consumption, and to where the cattle is located for animal feed. West et al. (2011) showed a bipolar spatial pattern in the USA of production and redistribution of crop harvests, which significantly altered spatial cropland carbon fluxes. Ciais et al. (2008 Ciais et al. ( , 2007 also investigated the impact of crop transport and consumption over Europe, and although less clear spatial patterns emerged, they showed the release from crop consumption is similar in magnitude to the accumulation of carbon in European forests. Based on our simulated grain yield, and the aboveground biomass simulated by WOFOST-opt, our framework could be extended with a harvest module as well. In addition to the respiration or burning of crop residues, this would represent the lateral dislocation of crop harvests based on available import and export statistics across the EU.
Crop scientists have already widely explored the possibility to use WOFOST in an uncoupled crop and atmosphere setup for operational seasonal crop yield forecasts (e.g., Bussay et al., 2015; de Wit & Van Diepen, 2007) , and on the longer term for crop production projections under climate change (e.g., Tao et al., 2016; Peltonen-Sainio et al., 2015) . A more interesting perspective for atmospheric scientists and hydrologists though is the possibility to fully couple the WOFOST-opt model with an atmospheric model, like has been attempted by Li et al. (2013) . WOFOST-opt seems to be an adequate candidate for such a coupled study because, contrarily to other models from the same line that use the evaporative demand approach (e.g., see GECROS in Combe et al., 2015) , its implementation of water stress resembles the simple approach adopted by many land surface models (Camargo & Kemanian, 2016; Combe et al., 2016) . Using a WOFOST-like parameterization of water stress should yield a realistic evapotranspiration and resulting energy partitioning at the surface under water-limited conditions, like has been demonstrated by Li et al. (2013) . The setup would further allow users to investigate crop-atmosphere interactions, to study the interaction of crop production and drought development, and on the longer term to perform coupled carbon-climate simulations to predict crop production under future climate scenarios.
Conclusion
In this study, we design a crop growth modeling framework in which we assimilate European grain yield data information to constrain a model for cropland net ecosystem exchange. Our modeling framework is readily operational for the European domain, for its 10 most common crop species, at the 25 km scale. We assess its performance over Europe from 2000 to 2014, from wet to water-limited soil conditions. We find this modeling framework allows us to generate satisfactory daily to multiannual hindcasts of cropland GPP, TER, and NEE under normal to mild water-stress conditions, for a variety of crop species and climates of Europe. We quantify this improvement by computing correlation statistics on the daily CO 2 fluxes, and comparing our framework to observations performed at seven FluxNet sites. Under severe water stress like for the 2005 Iberian peninsula drought, we find the trade-off between crop growth and soil moisture depletion is largely constrained by our optimization procedure, which we show artificially modifies the shape of the seasonal cycle of NEE, although its interannual variability seems reasonable. This alteration of the seasonal cycle could be remedied by providing better estimates of soil moisture at sowing dates and by supplying irrigation information to the model. Further validation of our improved representation of soil moisture could then be done by assessing the FluxNet soil moisture and evapotranspiration measurements in combination to the NEE fluxes, at the dry cropland sites where they are both available.
Our novel framework shows promise as a new way to provide realistic cropland CO 2 fluxes to atmospheric models. The cropland fluxes computed with our optimized product will be made available to the scientific community through the ICOS Carbon Portal (http://icos-cp.eu/). In the near future, we plan to use it in a forward modeling study of atmospheric CO 2 to demonstrate the improvement it can bring on modeled atmospheric CO 2 mole fractions. We also plan to use it in an inverse modeling study of atmospheric CO 2 , to assess if we can reduce the uncertainty on the European forest net carbon sink by adding a more accurate estimation of the impact of crops on atmospheric CO 2 (see van der Laan-Luijkx et al., 2017).
Appendix A: Crop Input Parameters
In this study, we have used crop and soil parameters issued from the CGMS database. This database contains ready-to-use crop and soil parameters for the WOFOST model, on a 25 × 25 km resolution (Boogaard et al., 2013) . We present in Table A1 a summary of key parameter values for the geographical domain considered in section 3.1. Note that crop parameters are assumed constant from year to year but vary spatially due to variable farmer practices observed in the field. In this study, we have used a selection of seven cropland sites located across three key climate zones of Europe (cold, temperate, and Mediterranean) in order to validate the carbon fluxes generated with our optimized model WOFOST-opt. These selected sites are part of a larger data set for micrometeorological flux measurements, called FluxNet (Baldocchi et al., 2001) . The selected FluxNet field campaigns used in this study all follow the Tier 1 data policy (i.e., are open and free for scientific purposes but require fair use). For convenience, we summarize key information about them in Table B1 . Note. We exclude here periods with crops we do not model, such as mustard (BE-Lon and FR-Gri), triticale (FR-Gri), or managed grass (FI-Jok). The last column presents the scaling factors for each of the site years as computed with our standard method (i.e., using CGMS sowing dates and EUROSTAT yields). We use these factors to compute the optimized runs presented in Figures 5 and 6 . Sites years with scaling factors in bold are featured in Figure 5 .
Appendix C: Statistics On GPP And TER
Similarly to NEE in Table 2 , we computed the R2 and RMSEs on GPP and TER, as presented in Tables C1 and  C2 . As we discuss in section 5.1, we find for all non-Mediterranean sites that the normalized RMSE (NRMSE = RMSE/observed min-max range) for TER is about half of the NRMSE of GPP and NEE (8% for TER, 16-17% for GPP and NEE, for non-Mediterranean sites). This indicates that most efforts to improve NEE should be concentrated on improving GPP in these regions, which can be done, for example, with a more accurate timing of the growing season. On the other hand, we find higher RMSEs and lower R2 both for GPP and TER at the Mediterranean site. There, most efforts should be concentrated on improving the water-stress representation both for TER (soil respiration) and for GPP (irrigation). 
